The study presents three models for estimation of forest aboveground biomass (AGB) for plot level using different categories of airborne data. The first and the second models estimate AGB from metrics of airborne LiDAR data. The third model estimates AGB from integration of metrics of airborne hyperspectral and LiDAR data. The results are compared with plot level biomass estimated from field measurements. The results show that the best AGB estimate is obtained from the model utilizing a fusion of hyperspectral and LiDAR metrics. Study results expand existing research on the applicability of airborne hyperspectral and LiDAR datasets for AGB assessment. It evidences the efficiency of using a predicting model based on hyperspectral and LiDAR data for study area.
Introduction
More information on standing forest aboveground biomass (AGB) is needed to improve our understanding of the global carbon cycle (Penner et al., 1997) . AGB is an important variable for evaluating ecosystem structure and function across the landscape. Generally, traditional methods of estimating AGB use allometric equations, each developed as a function of tree species, tree height and diameter at breast height (DBH). Data collection for these methods is time-consuming, expensive and not always reliable (Labrecque S. et al., 2006) . Remote sensing techniques allow us to examine ecosystem processes at multiple scales because the data these techniques provide cover a large area of interest with quite high re-visitation frequencies (Goetz et al., 2000 , Running et al., 2000 .
Currently, there are papers in the literature where airborne hyperspectral (HS) and airborne LiDAR are used with a wide range of methods for AGB estimation. LiDAR is considered the most accurate remote sensing technology for mapping biomass (Zolkos et al. 2013) . The laser pulse returns are usually used to derive forest height metrics, which can be related to field-observed AGB (Nasset 1997 (Nasset , 2011 Tsui et al. 2012; Kankare et al. 2013) . Some studies apply a fullwaveform properties, such as average intensity from a top-of-the-canopy level, average echo width from a top-of-the-canopy level and average number of echoes per pulse, in additional to forest height metrics for biomass estimation (Latifi et al. 2010 (Latifi et al. , 2012 Heinzel & Koch 2011) .
Airborne HS data for AGB estimation are used, mostly, to analyse suitable band and vegetation indices for tree species classification (Buddenbaum et al. 2005) , leaf area index (Dudeni et al. 2009 ) and forest biochemical status (Huber et al. 2008) related to biomass values. Le Marie et al. (2008) describe the set of indices used to extract information regarding the canopy leaf biomass from hyperspectral (Hyperion) data. However, the robustness of the indices in general has not been demonstrated. Schlerf (2006) state that the biomass cannot be retrieved from hyperspectral data, because there was only a poor relationship between stem biomass and vegetation indices. He recommends the use of a combination of hyperspectral and other kinds of remote sensing data for AGB estimation.
The use of multi-sensoral data for forest biomass assessment has gained interest. This is mainly due to the complementary information content of the data, like tree species type from optical data and height information from LiDAR data. Koch (2010) presents a state-of -the-art review of lasing and hyperspectral scanning for forest biomass assessment, which highlights the fusion of these two categories of airborne data. For example, a fusion of airborne hyperspectral and LiDAR data has been used in the studies of Latifi et al. (2012) and Laurin et al. (2014) for the AGB estimation in German forest stands (RMSE ranging between 38 and 48 %) and West Africa rainforests (R 2 = 0.70, RMSE = 61.7 t/ha), respectively. Findings of Laurin et al. (2014) showed that the integration of hyperspectral bands (R 2 = 0.70) improved the model based on LiDAR data alone (R 2 = 0.64) for AGB estimation in tropical regions. On the contrary, LiDARbased predictions were not notably improved by contributing hyperspectral features in biomass assessment for coniferous species in a temperate forest site in Germany (Latifi et al. 2012) .
However, the integration of HS and LiDAR information in forest inventories is still in experimental stage across forest stands in Central Europe. There are no publications known to authors with the development of a robust model for AGB assessment that can be applied under different natural growing conditions in forests of the Czech Republic. Previous AGB assessments in our study area involved only the use of satellite Landsat TM and SPOT data for coniferous forest stands (Main-Knorn et al. 2011 . This study aims: 1) to estimate forest AGB using airborne HS and LiDAR data for beech and spruce forest stands, and 2) to examine whether the use of HS airborne data in addition to LiDAR data can improve the AGB estimation for the study area.
Materials and methods

Study area
The study area is located in the Beskydy Mts. Protected Landscape Area, in the north-eastern part of the Czech Republic, latitude 49.50 0 N, longitude 18.80 0 E (Fig. 1) . The mountains consist of a highland, gradually sloping towards Poland and Slovakia. The altitude varies between 500 and 900 m. The inclusion of the Beskydy Mts. in the Outer Carpathian range is reflected in their geological structure, with alternating series of claystone, sandstone and conglomerate. The soils are mostly of a sandyloam to loamy-sand texture. The dominant forest types are even-aged monocultures of Norway spruce (Picea abies) followed by European beech (Fagus sylvatica) forests and negligible shares of stands or scattered occurrence of Scots pine (Pinus sylvestris), Silver fir (Abies alba), European larch (Larix decidua) and Ash (Fraxinus excelsior) (Michalko 1986 ). Forests in this area are characterized by highly variable tree vigour and mortality rates due to severe air pollution during the communist times, as well as unsuitable forest management (Kozak 1996 , Grodzki 2006 ).
Data sets
Airborne data
The hyperspectral imagery data set was acquired by AISA Eagle sensor on 27 th September, 2011, with a spatial resolution of 5 m. There were 65 spectral bands in the spectral range of 400 to 970 nm. The image preprocessing included radiometric, atmospheric and geometric corrections. Radiometric correction of the hyperspectral images was performed using CaliGeo 4. 6. 4 (Spacim) software and ENVI 4. 4. Atmospheric correction was done in ATCOR4 6.0 (ReSe Applications Schlaepfer) and georectification was in PARGE 3. 2.
LiDAR data were acquired during the vegetation period of 2013 using a Riegl LMSQ680i scanner, which resulted in a point cloud density 1 point per square meter. The data were preprocessed by the vendor, Czech Office for Surveying, Mapping and Cadastre (CUZK, www.geoportal.cuzk.cz) . It encompassed fullwaveform decomposition and georeferencing from RiProcess software package (by Riegl) and an export in LAS format after strip adjustment.
Field data
Field data were collected by the Institute of Forest Ecosystem Research (www.ifer.cz) in 2013 and included an inventory of plots systematically distributed over the airborne data area, with measurements of tree height, DBH (diameter at breast height), age, species composition and crown length. These variables were measured using the Field-Map technology (www.fiedlmap.cz), including an electronic caliper for breast height measurements and laser rangemeter for tree height and tree crown attributes. We matched 56 plots from the field data with airborne data. The area of each plot was 500 m 2 . AGB values were calculated for plot level based on field allometry for prevailing species of Norway spruce and European beech in the study area.
Methods
We estimated AGB for tree plot level based on three models with metrics from airborne hyperspectral and LiDAR data (Fig. 2) . The first and the second models included metrics from LiDAR data, the third model included the integration of metrics from HS and LiDAR data. All 56 plots were split in calibration (28 plots) and validation (28 plots) sets. Spruce 34 plots were split in calibration (17 plots) and validation (17 plots) sets. Beech 15 plots were split in calibration (7 plots) and validation (8 plots) sets. We did not consider predictors for mixed plots due to the small number of plots for splitting data in calibration and validation sets. The models were validated based on AGB for plots from field data. We describe metrics from LiDAR and hyperspectral data and each of the models further in the paper. 
LiDAR metrics
Canopy density and canopy height for tree plot level were derived from airborne LiDAR data. Canopy density, or canopy cover, is the ratio of vegetation to ground as seen from the air. Firstly, the separation of LiDAR point cloud was done to split lidar ground multipoint and aboveground points. Secondly, the division procedure of the amount of aboveground points and the amount total points was applied. The procedure given the ratio from 0.0 to 1.0, where 0.0 represented no canopy and 1.0 very dense canopy. The accuracy of LiDAR canopy density was estimated from field measurements of the number of trees for plot-level. The metric was employed for modelling of plot tree numbers in Model 1.
Canopy height measures how far above the ground the top of the canopy is. The first return points and bare earth points were generated and the difference between these two point datasets was determined. The difference results represented, over forest, the canopy height. The accuracy of LiDAR canopy height was estimated from field measurements of height of trees with plot level. The metric was employed for AGB estimation in Model 2 and Model 3.
Hyperspectral metrics
We calculated for further selection 7 hyperspectral predictors that already had a potential predicting of AGB for relatively similar to our study forest area in recent reports (Fassnacht et al. 2014 , Zhang et al. 2009 , Laurin et al. 2014 , Thenkabail et al. 2004 ). There were 4 vegetation indices (VI), first component of the principal component analysis (PCA) and two narrow spectral bands (band 505 and band 688 ). The VI predictors were from the association between optical data and biomass originated mostly from species information, vegetation density and leaf water content (Fassnacht et al. 2014 ): Normalized Difference VI (NDVI), Near Infrared Red Edge Normalized Difference VI (NDVI 705 ), Vogelmann Red Edge index (VOG1) (Vogelman et al. 1993) and Water Band Index (WBI).
Map of species composition
HS data were used for creation of map of species composition. Supervised classification by Mahalanobis Distance method (Richards 1999 ) was applied using ENVI 5.0 software. The procedures began with formation of forest type classes for classification as regions of interest (ROI) on the image. The field data were used for ROI creation. All pixels were classified into six ROI classes: "spruce", "beech", "pine", "silver fir", "shadows" and "artificial objects" (roads and buildings). Based on a minor presence of pine and silver fir species in plots we assumed in the study that coniferous were mostly spruce. The accuracy of a classification result was estimated after classification by calculation of the confusion matrix. Hyperspectral classification results were used for AGB estimation in all models of the study to separate AGB for spruce, broadleaves and mixed species. 
of trees LiDAR
Number CanopyDensity * = + + AGB tree is an average biomass for tree level calculated according to tree species and using the following allometric equations: DBH is a diameter [cm] at breast height of spruce trees. To retrieve DBH for spruce trees a parameterized model from IFER was used based on the measured tree height at the sample plots (R 2 = 0.84, n = 257):
where a = 64.188, b = 30.446. Based on a minor presence of maple, alder and larch in plots with broadleaved species we assumed in the study that broadleaves were mostly beech and all calculations for broadleves plots were done with allometry for beech. If plot contained one class with spruce or one class with beech species from the hyperspectral classification (Fig. 3 a, b) we calculated AGB plot based on corresponded allometry for species. If plot contained two classes of spruce and beech from the hyperspectral classification (Fig. 3 c) we calculated AGB plot as a weighted sum of AGB for spruce and AGB for beech. Where weights were assigned as a ratio of species area to the plot area derived from the hyperspectral image classification. The model was validated based on AGB from field measurements summing up for each plot. We separated the estimation of AGB for all plots, for plots with spruce trees and for plots with beech trees based on hyperspectral classification: AGB all, AGB spruce and AGB beech . We did not consider AGB estimation for mixed plots due to small number of plots for splitting data in training and validation sets.
Model 3
The third model was generalized using metrics from both hyperspectral and LiDAR data. We used five VIs, band 505 and band 688 from hyperspectral image and TreeHeight LiDAR from LiDAR data averaged for each plot. We separated model predictors by plots. The first set of predictors was for spruce plots, the second set of predictors was for beech plots and the third set of predictors was for all plots. We did not consider predictors for mixed plots due to small number of plots for splitting data in training and validation sets.
The General Regression Models module of Statistica-1.2 software was applied for model generalization. After several iterations with changing of the range of distribution, link functions and options for exploratory analyses the final linear model with Normal distribution for the response variable, log link function and standard forward stepwise selection of effects was created. Wald Test was used to verify the true values of different predictors.
Statistical analysis
Confusion matrix was calculated to compare species classification result with ground truth information. The overall accuracy was calculated by summing the number of pixels classified correctly and dividing by the total number of pixels. The Kappa coefficient (Rosenfield and Fitzpatrick-Lins 1986) was used to compare the specific class differences between the classifications. We used the coefficient of determination, R 2 , to indicate how well plot level AGB values from hyperspectral and LiDAR data fit the respective AGB from field data. Root mean squared error (RMSE) was calculated for quantitative assessment of AGB values from the study models. The coefficient of variation of the RMSE, CV RMSE , was useful for non-dimensional comparison of RMSE normalized to the mean of the observed data. 
where n is a number of observations, y i is the value estimated from field data for observation i, is the predicted value for observation i and is the mean of the variable.
Wald Test was used to test the true values of different parameters in the Model 3.
Results
The accuracy of the classification from HS data was estimated by the confusion matrix. The overall accuracy and Kappa coefficient for the hyperspectral data classification was 87 % and 0.85, respectively. We excluded classes of "pine", "silver fir", "shadows" and "artificial objects" from a final map for biomass estimation for this study. Classes of "pine" and "silver fir" were excluded due to minor presence of these species in plots and absence of local allometry for these species. The final map for AGB estimation contained three forest cover classes: "spruce", "beech" and "mixed". After hyperspectral classification 34 spruce (a), 15 broadleaves (b) and 10 mixed (c) plots were designated (Fig. 3) for further biomass modelling. Table 1 contains equations obtained for three AGB models for study area. Table 2 summarizes results obtained for AGB estimation based on three models using metrics from airborne LiDAR data and HS data. AGB map obtained from the third model is demonstrated (Fig. 4) .
The accuracy of the LiDAR input -the canopy density metric -was estimated by a comparison with the number of trees from field data (Fig. 5) . The accuracy of the LiDAR input -the canopy height model -was estimated by a comparison with the height of trees measured in field (Fig. 6) .
The accuracy of the classification from HS data was estimated by the confusion matrix. The overall accuracy and Kappa coefficient for the hyperspectral data classification was 87% and 0.85, respectively. We excluded classes of "pine", "silver fir", "shadows" and "artificial objects" from a final map for biomass estimation for this study. Classes of "pine" and "silver fir" were excluded due to minor presence of these species in plots and absence of local allometry for these species. The final map for AGB estimation contained three forest cover classes: "spruce", "beech" and "mixed". After hyperspectral classification 34 spruce (a), 15 broadleaves (b) and 10 mixed (c) plots were designated (Fig. 3) for further biomass modelling. a b c
Fig. 3: Fragments of the map of species composition with tree plots (yellow color is beech, green color is spruce).
Table 1 contains equations obtained for three AGB models for study area. Table 2 summarizes results obtained for AGB estimation based on three models using metrics from airborne LiDAR data and HS data. AGB map obtained from the third model is demonstrated (Fig. 4) . Results of statistical Wald Test for Model 3 is presented in Table 3 . 
Discussion
A map of species composition was used to derive AGB from three models using LiDAR and HS data. The classification of the hyperspectral data separated four forest classes: "spruce", "beech", "silver fir" and "pine" (overall accuracy of 87 % and Kappa coefficient of 0.85). Our result confirms recent studies showing that airborne hyperspectral data can be used in species classification with high accuracy. For example, Buddenbaum et al. (2005) reported the classification accuracy (Kappa) of 0.74 in coniferous forest stands from the airborne hyperspectral data. Martin et al. (1998) achieved the overall classification accuracy of 75 % with the classification of 11 forest cover types based on the airborne hyperspectral data. In comparison, species classification accuracies was 72 %, 60 %, and 40 % for hemlock (Tsuga heterophylla (Raf.) Sarg.), balsam (Abies balsamea), and redcedar (Thuja plicata Donn ex D. Don) trees from airborne hyperspectral scanner data of 0.7 m resolution (Leckie et al., 2005) .
We calculated for further selection 8 predictors (6 from HS data and 2 from LiDAR data) that already had a similar prediction potential of AGB. The importance of prediction method for remote sensing-based estimations of forest AGB reviewed in the current study of Fassnacht et al. 2014 . They indicated that it is needed for a minimum but significant number of reference samples from remote sensing data.
Nevertheless, our results of HS predictors are comparable to only some recent works. We obtained the narrowband NDVI 705 and VOG1 indices were optimal predictors from 6 HS predictors for AGB modelling (Table 3) . It coincides to the stated finding that especially the green part of the visual domain and the NIR spectral region contain useful information correlated to the AGB modelled responses. For example, Zhang et al. (2009) showed the greenness indices might have a positive potential for prediction of the AGB. Ardo (1992) investigated the relationship between NIR band spectral radiance and the volume of Sweden coniferous forest (R = 0.79). The findings in mixed forests of Latifi et al. (2012) , Chopping et al. (2011 ), Zheng et al. (2004 and Laurin et al. (2014) followed above-mentioned studies.
First PCA component was not selected as a model predictor in our study. Although, a highly significant correlation between the first PCA component and AGB reached values of up to 0.815 from Lu et al. (2004) . Moreover, the original HS spectral bands (505 nm, 688 nm)
were not robust features and were not selected for biomass modelling in our study. Despite the hyperspectral bands (518 nm, 681 nm) have been reported to carry important information on forest biomass in European and tropical forests (Laurin et al. 2014 , Thenkabail et al. 2004 , Latifi et al. 2012 .
We used all indices declared in the study LiDAR metrics (tree height and canopy density for plot level) for biomass modelling. A strong relationship (R 2 = 0.82) LiDAR tree height with the height of trees measured in the field was obtained. We expected the result due to LiDAR ability to derive plot level tree height which is in a strong relationship with measured tree height (Nasset 1997 Kankare et al. 2013 (R 2 from 0.68 to 0.76)). We compared canopy density for plot level from LiDAR data with an average number of trees in each plot from field measurements (R 2 = 0.75, RMSE = 11.3). Our result confirmed the statement in a recent studies statement that the laser response to a forest canopy was also a function of canopy density (Nasset et al. 2011 , Kellndorfer et al. 2010 ).
We did not consider HS features without LiDAR metrics for AGB model due to limited predictive power of HS bands and VI (Koch 2010 , Laurin et al. 2014 .
Based on LiDAR metric alone (model 2) AGB was predicted best for beech plots with a coefficient of determination (R 2 ) equal to 0.80 and a RMSE of 25 t/ha. For spruce and all tree species AGB was predicted with R 2 = 0.72 (RMSE = 52 t/ha) and R 2 = 0.77 (RMSE = 45 t/ha) correspondingly. The results are within the range of those reported in Finish broad mixed forest stands area where airborne LiDAR data was used for plot level biomass estimation (Kankare et al. 2013) . They estimated AGB with R 2 values of 0.68, 0.72 and 0.71 for Norway spruce, deciduous trees and all tree species correspondingly. It should be mentioned, that a number of plots was much higher in Kankare et al (2013) -254 plots opposite 56 plots from our study. Latifi et al. (2012) achieved relative errors of 32 %-58 % for coniferous and 32 %-45 % for total plot level biomass based on LiDAR metrics only. Our relative errors values for model 2 lie in the range of 23 %-36 %.
Based on both HS and LiDAR metrics (model 3) AGB was predicted best for spruce (R 2 = 0.80, RMSE = 32 t/ha) and all species (R 2 = 0.79, RMSE = 35 t/ha). For beech plots estimated results were worse with R 2 = 0.42, RMSE = 39 t/ha. In comparison, Popescu et al. (2004) combined LiDAR and multispectral airborne data to estimate the plot-level AGB in deciduous and pine forests. They found the maximum R 2 values for AGB of 0.32 for deciduous and 0.82 for pines with respective RMSEs of 44 t/ha and 29 t/ha. Latifi et al. (2012) achieved relative errors of 30 %-55 % for coniferous and 35 %-45 % for total plot level biomass based on both HS and LiDAR metrics. Our relative error values for the 3d model lie in the range of 25 %-36 %.
The addition of HS metrics to LiDAR resulted in an increase of R 2 values from 0.77 (model 2) to 0.79 (model 3) for all plots and from 0.72 (model 2) to 0.80 (model 3) for spruce plots. An improvement in the results owing to the fusion of HS and LiDAR data was reported in several studies. Laurin et al. (2014) found in an increase of R 2 values from 0.64 to 0.70 obtained with combination of LiDAR metrics and HS bands. Anderson et al. (2008) observed an improvement of R 2 for 25 % when used the integration of LiDAR and HS imagery in a northern temperate forest. Minimum improvement in AGB estimates from fused datasets reported by Latifi et al. (2012) for coniferous forest area (values of relative error is mentioned above). The combination of HS and LiDAR information did not improve results compared to the LiDAR-only method (both mean R 2 = 0.48) in German pine (Pinus Silvestric) and beech (Fagus Sylvatica) forest and beech (Nothofagus oblique Oestr.) Chilean forest (Fassnacht et al. 2014) .
In summary, our research shows that there is potential for improvement of AGB assessment through fusion of HS and LiDAR metrics for spruce plots and all plots with spruce and beech species together on the study area. The AGB estimation based on HS and LiDAR data could serve as an alternative or complement approach to existing inventory data acquisition programs which use systematic airborne data acquisition for forest biomass assessment in the Beskydy Mountains forests. For the future, expanding our results to a larger forest territory would further increase our understanding of AGB assessment with HS and LiDAR data for broadleaves and mixed species in the Czech Republic forest. We are convinced that the development of a robust model with HS and LiDAR information for AGB assessment that can be applied under different natural growing conditions is an unpromising task for today from a practical point of view. Therefore, modeling the separate biomass estimates for different forest types based on HS and LiDAR data is a further possible extension of our work.
